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ABSTRACT
Relationships between the environment and health outcomes are complex and
likely nonlinear in nature. However, until recently, most studies used ordinary linear
regression to model these relationships. The overall goal of this research was to investigate
nonlinear relationships between the environment and health. To accomplish this goal, we
used several large, national datasets across varying populations and local environments.
Destination accessibility is an important measure of the built environment that is
associated with active transport and body mass index (BMI). In the first study, we sought
to determine the relationship between the density of nonresidential destinations (a proxy
for walkability) and BMI, allowing for the possibility of a nonlinear relationship. We
merged information from 17.2 million driver’s license records with the locations of 3.8
million nonresidential destinations and census tract socioeconomic data from six states.
BMI peaked in the middle density, with significantly lower values in both the low and
high-density extremes – a markedly nonlinear relationship.
Next, we confirmed our previous nonlinear findings in an independent sample of
2,405 primary care patients with multiple chronic conditions from 13 states, and extended
our analysis to include mental and physical health outcomes, in addition to BMI. Several
statistical methods were used to confirm the nonlinear relationship between nonresidentia l
destinations and BMI. We also established novel nonlinear relationships between
nonresidential destinations and mental health. All three health measures were significa ntly
worse in middle density areas with better values on either extreme.
Then, we extended the previous analyses to the natural environment. We used data
on 3,409 adults from 119 US counties and the natural amenities scale, a county-le ve l
measure of the natural environment, to assess the relationship between the natural
environment and health at the intersection of various demographic and social factors,
allowing for the possibility of a non-linear relationship. Health was generally worse in
areas with poor natural environments; however, this relationship was not linear. In areas
with low natural amenities, greater amenities were associated with better physical and
mental health, but only for advantaged populations. Meanwhile greater amenities in high
amenity areas was associated with a decrease in mental and physical health for
disadvantaged populations.
Finally, in the review paper, we described the current state of the literature on the
nonlinear relationships between walkability and health. We argue that using linear
regression techniques to model nonlinear relationships could introduce bias and be partially
responsible for the conflicting findings in the literature.
We conclude that there are nonlinear relationships between the environment and
health. Complex relationships require complex modelling. Ignoring the possibility of a
nonlinear relationship could obscure the true relationship and lead researchers and public
health officials to draw incorrect conclusions. Future research should confirm these
findings and investigate the mechanisms driving these relationships.
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CHAPTER 1: NONLINEAR RELATIONSHIP BETWEEN NONRESIDENTIAL
DESTINATIONS AND BODY MASS INDEX ACROSS A WIDE RANGE OF
DEVELOPMENT
Levi N. Bonnell, University of Vermont, Burlington, VT
Austin R. Troy, University of Colorado Denver, Denver CO
Benjamin Littenberg, University of Vermont, Burlington, VT
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1.1. Abstract
Background: Destination accessibility is an important measure of the built environme nt
that is associated with active transport and body mass index (BMI). In higher density
settings, an inverse association has been consistently found, but in lower density settings,
findings are limited. We previously found a positive relationship between the density of
nonresidential destinations (NRD) and BMI in a low-density state. We sought to test the
generalizability of this unexpected finding using data from six other states that include a
broader range of settlement densities.
Methods: We obtained the address, height, and weight of 17.2 million residents with a
driver’s license or state identification cards, as well as the location of 3.8 million NRDs in
Washington, Oregon, Texas, Illinois, Michigan, and Maine from Dun & Bradstreet. We
tested the association between NRDs per hectare (∙ha-1 ) within 1 km of the home address,
and self-reported BMI (kg∙m-2 ). Visualization by locally-weighted smoothing curves
(LOWESS) revealed an inverted U-shape. A multivariable piecewise regression with a
random intercept for state was used to assess the relationship.
Results: After accounting for age, sex, year of issue, and census tract social and economic
variables, BMI correlated positively with NRDs in the low-to-mid density stratum
(β=+0.005 kg∙m-2 /nonresidential building∙ha-1 ; 95% CI: +0.004,+0.006) and negatively in
the mid-to-high density stratum ( β=-0.002; 95% CI:
difference in slopes (P<0.001).
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-0.004,-0.0003); a significa nt

Conclusions: BMI peaked in the middle density, with lower values in both the low and
high-density extremes. These results suggest that the mechanisms by which NRDs are
associated with obesity may differ by density level.
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1.2. Introduction
Obesity is a global public health crisis. In the United States, 42% of adults are
obese, defined as a body mass index (BMI) ≥30 kg/m2 .1 Obesity is a major risk factor for
adverse health outcomes including heart disease, stroke, type 2 diabetes, kidney disease,
and premature death.2-4 These obesity-related conditions are largely preventable through
lifestyle changes such as improving diet and increasing physical activity (PA).
The built environment influences PA, diet, and obesity in several ways, known as
the 5Ds5 : density (residential, populations etc.),6 diversity (land use mix),7,8 design
(walkability),9,10 distance (to transit),11 and destination accessibility.6,12 Each factor has
been shown to be independently associated with obesity by facilitating or impeding
healthful behaviors related to energy balance, such as active transport (including walking,
cycling, and public transportation) or the food environment. Here, we focus on the density
of nonresidential destinations (NRDs) as a measure of destination accessibility.
Proximity and access from residences to mixed NRDs can afford opportunities for
active transport.13-15 For instance, retail businesses, public offices, restaurants, schools,
and places of worship serve as NRDs that may promote walking for transport if sufficie ntly
close to homes and each other. In Western Australia, proximity to convenience stores,
schools, and transit stops within 1.5 km of the home was significantly associated with
increased walking for transport,15 and similar results were confirmed by a systematic
review.13 Another review from China found that the strongest evidence for promoting
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active transport was proximity to nonresidential locations.16 Little is known about
proximity of NRDs and walking for transport in low-density settings.
In most of the published literature, as density of NRDs increase, proximity to NRDs
increases and BMI tends to decrease on average. Increased accessibility to NRDs was
associated with increased active transport and PA17 and lower rates of obesity over time in
Canada18 and the US.19 NRDs were inversely associated with BMI in urban Australia12 and
the United States20 but positively associated with PA and obesity in older US women.20
Conversely,

lower densities of NRDs implies longer average distances to

destinations, increasing the likelihood of automobile reliance and higher BMI. A large
study found car owners have higher BMIs than non-car owners.21 Despite the research
supporting a relationship among proximity to NRDs, PA, and reduced rates of obesity in
dense urban areas,6,12,18,19,22,23 there is little evidence from low-density contexts. A study
from rural Arkansas, Missouri, and Tennessee, found that a lack of perceived NRDs was
negatively related to obesity.24 Rutt et al. found a positive relationship between NRDs and
BMI in a small dataset from El Paso County, TX, a county with both low and high density
areas.25 A recent study in China found a positive relationship between density of grocery
stores and restaurants (included in our definition of NRDs) and BMI; however, the effect
was more pronounced in urban than rural areas.26 Our prior work in a low-density area
(Vermont)27 demonstrated a positive correlation between NRD density and BMI using two
independent datasets, raising the possibility that the association is not consistently negative
across all levels of density. These results could be unique to Vermont, an artifact of
5

measurement error in both datasets, or a generalizable phenomenon of predominantly rural
areas with low density of NRDs.
It stands to reason that the mechanisms affecting the relationship between NRDs
and BMI differ across densities. In high-density areas, we expect high levels of active
transport and low reliability on automobiles resulting in high PA and low BMI, despite PA
related to residing in rural areas (physically intensive employment, home property
management, and greater access to outdoor recreation) being low. Likewise, in low-density
areas, we expect low active transport and high automobile reliance but high levels of PA
from residing in rural areas, resulting in low BMI. In contrast, we expect low levels of PA
in mid-density areas due a lack of active transport and a lack of PA related to residing in
rural areas, resulting low levels of PA and high BMI (Figure 1 - 1).
Figure 1 - 1: Directed acyclic graph (DAG)

We sought to test this model using data from six states with a broad range of NRD
densities, considering the possibility of a nonlinear relationship. We hypothesized that BMI
6

would increase as NRDs increased in the range from low the mid density but decrease in
the range from mid to high densities, forming an inverted-U curve.
1.3. Methods
1.3.1 Data and Setting
We obtained three datasets. The first dataset contained 53.2 million records from
the general population of residents with either a driver’s license or state identification (ID)
card from Washington, Oregon, Texas, Illinois, Michigan, and Maine. The completeness
of the data varied by state, ranging from an estimated 31% in Oregon to roughly 100% in
Washington. However, age and BMI distributions are similar to national averages.28 The
data included self-reported height and weight, date of birth, date of issue of license or ID
card, and home address. We excluded records with BMI less than 8 kg/m2 or greater than
100 kg/m2 (likely erroneous entries), age greater than 100 or less than 14 years, duplicate
state ID numbers, absence of street address data, if the date of issue was before 2008 or
after 2014 (the year the data were collected), or if the NRD density was >100
establishments∙ha-1 . Records were de-duplicated by state ID code, which is unique to an
individual and stable over time. Latitude and longitude were assigned to each record using
the ArcGIS address geocoder (ESRI Inc., Redlands, CA) and the WGS 1984 coordinate
system. Records lacking enough information to be identified with a single address were
omitted. Importantly, there were no significant differences in BMI, age, sex, or driver’s
license year of issue between the 17.2 million records included in the study and the 6.8
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million excluded due to geocoding inaccuracies. The final dataset contained 17.2 millio n
records data (Figure 1 - 2). The primary outcome was self-reported BMI (kg∙m-2 ).
Figure 1 - 2: Consort diagram

The second dataset contained 13,207,211 geocoded establishment records from
2018 Dun and Bradstreet data for the 6 states (Dun & Bradstreet Corp., Milburn, New
Jersey). We classified establishments as likely destinations to increase active transport15,16
based on their North American Industry Classification (NAICS) codes. We included retail
establishments, personal service providers, restaurants, community centers, schools, places
of worship, post offices and other government facilities, and commercial recreation and
entertainment facilities (n=3,749,984; Table 1 - 1). We excluded establishments associated
8

with agriculture, forestry, mining, quarrying, utilities, construction, manufacturing, and
wholesale trade.
Table 1 - 1: North American Industry Classification System (NAICS) Codes
Representing Nonresidential Destinations
NAICS
Codes
445---

Description

Example

Food and Beverage Stores

446---

Health and Personal Care Stores

447--448--451---

Gasoline Stations
Clothing and Clothing Accessory Stores
Sporting Goods, Hobby, Musical
Instrument, and Book Stores
General Merchandise Stores
Miscellaneous Store Retailers
Urban Transit Systems
Interurban and Rural Bus Transportation
Postal Service
Libraries and Archives
Depository Credit Intermediation
Education services

Supermarkets,
Convenience stores
Pharmacy and drug stores
etc.
Gas stations
Clothing stores
Game stores, musical
instrument stores
Department stores
Florists, pet stores
Commuter rail systems
Bus stations
Post offices
Libraries
Banks
Elementary schools,
colleges
Museums, zoos

452--453--4851-4852-491--51912
5221--61---712--7224-7225-8121-812318129-8131--

Museums, Historical Sites, and Similar
Institutions
Drinking Places (Alcoholic Beverages)
Restaurants and Other Eating Places
Personal Care Services
Coin-Operated Laundries and
Drycleaners
Pet Care (except Veterinary) Services
Religious Organizations

Bars
Full-services restaurants,
cafes
Barber shops, Nail salons
Laundromats
Grooming
Places of worship,
churches, cathedrals,
Mosques, etc.

- NAICS are structured hierarchically containing 6 total digits. Dashes are a wildcard that represent any
number. Any NAICS code above with dashes includes all subcategories.
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The third dataset contained census tract information on measures of income,
education, employment,

housing,

household

characteristics,

transportation, rurality,

population density, and demographics from the 2008-2012 American Community Survey
5-year estimates (Table 1 - 2). These variables were included in the model as potential
confounders or mediators of the relationship between NRDs and BMI.
The primary predictor for this analysis was the absolute concentration of NRDs,
which was assumed to proxy destination accessibility or ease of access by active transport
mode (Figure 1 - 3). It was calculated by the ArcGIS Point Density function as the number
of establishments∙ha-1 within 1 km of the address recorded on the driver’s license or state
ID. Each address was assigned to a 30 m pixel, which served as the center of a circle with
an Euclidean or straight-line buffer radius of 1 km. The 1 km spatial scale was chosen
based on prior literature that suggests the mean walking trip in the US is 0.61 miles.29,30
We used locally-weighted smoothing (LOWESS) to visualize the relationship between
BMI and NRDs across all subjects31 . The LOWESS smoothing function is a nonparametr ic
tool used to help explore the relationship between two variables without specifying an
underlying form. LOWESS builds a function by fitting simple models to localized subsets
of the data. The visual form of the LOWESS in this case suggested an inverted-U with a
peak at 15 establishments∙ha-1 . This informed our piecewise linear function.
The socioeconomic variables used at the census tract level to control for potential
confounding effects of the relationship between NRDs and BMI32 included summary
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measures of income,

education,

employment,

housing,

household

characteristics,

transportation, rurality, population density, and demographics.
Table 1 - 2: Candidate covariates included in the final models (Model 1 & 2)
Level

Individual

Census
tract

Covariate

Units

Age
Sex

Years
0: Female, 1: Male

Driver’s license or State ID card
date of Issue
NRDs within 1 km of home
address
Rural Urban Commuting Areas

Population Density
Population below 100% of the
US federal poverty level
Population with less than 12
years of education (age >24)
Non-employment Rate
Population Foreign Born
Single-parent households with
dependents < 18 years
Population black
Population Hispanic
Population without a car
% Living in crowded housing
units
% Living in renter occupied units
% Age <5 years or >64 years
State

State of driver’s license or state
ID card issue
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Year

Source

State
Department of
Motor
Vehicles

ha-1
1: Urban, 2: Large
Town/Rural City, 3:
Rural Town, 4: Isolated
rural town
persons∙mi-2

%

1: Washington, 2:
Oregon, 3: Texas, 4:
Illinois, 5: Michigan, 6:
Maine

USDA
Economic
Research
Service

US Census
and American
Community
Survey 20082012

State
Department of
Motor
Vehicles

Figure 1 - 3: Examples of areas in the low-density stratum, at the inflection point, and
in the high-density stratum.
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We performed sensitivity analyses at different radii (250m, 500m, and 2km) to test
which conceptualization of density resulted in the strongest associations and enhanced
reproducibility.
1.3.2 Statistical Analysis
We used Chi-squared tests, ANOVA, t-test, and Pearson’s R to test the unadjusted
associations between NRDs and BMI. Spatial autocorrelation of the error term was
assessed using Lagrange Multiplier and Robust Lagrange Multiplier Tests. A mixed effects
piecewise linear regression model was used to assess the main effect of NRDs on BMI. We
accounted for individual-level and census tract-level covariates. Covariates included
individual and census tract-level demographic information (See table 2). If the covariate
changed the coefficient of NRDs on BMI by more than ±10% in a model containing only
two predictors (NRDs and the covariate), it was included in the final model as a potential
confounder. We modeled state as a random effect, clustering by state to account for the
fact that individuals living closer together have BMIs that are more similar. All other
variables were modeled as fixed effects. Covariates included individual and census tractlevel demographic information based on prior literature and expertise of the authors (See
Table 2). If the Lagrange tests for spatial autocorrelation were significant, a spatial error
regression with a neighborhood matrix based on the three nearest neighbors was used.
All tests were two-tailed and the threshold for statistical significance for the main
analysis was set at α=0.05. Stata 17 (StataCorp LP, College Station, Texas) was used for
data management and statistical analysis.
13

We used the Spatial Lifecourse Epidemiology Reporting Standards guidelines. 3 3
The University of Vermont Institutional Review Board approved this study as the
collection or study of existing data, waiving the requirement for individual consent. The
authors have no conflicts of interest to report.
Results
Overall, the average BMI was 25.9 kg/m2 with a standard deviation of 5.5, which
is lower than the US average of 29.6 for women and 29.1 for men.34 The mean age was 39
and 46% were men. Mean NRD density was 13.0 establishments∙ha-1 (range 0 – 690) with
median 5.4. 98% of the addresses had NRD density <100 establishments∙ha-1 . Individ ua ls
living in lower densities were more likely to be older and female. Overall, average BMI
was similar between low- and high-density areas (Table 1 - 3). The LOWESS revealed an
inverted-U relationship with a peak at 15 establishments∙ha-1 .
Table 1 - 3: Characteristics of Population Stratified by Non-Residential Destination
(NRD) density (N=17,200,486)
Low-density Stratum
NRDs < 15
establishments∙ha-1
(n=12,903,827)

High-Density
Stratum
NRDs ≥ 15
establishments∙ha-1
(n =4,296,659)

Individual Level
*Age in years, mean ±SD
39.8 ±20.4
*Sex, % male
46%
*Year of issue, mean ±SD
2008 ±4
*BMI in kg∙m2 , mean ±SD
25.9 ±5.5
Census tract social and economic determinants of health
*Population Density per Square Mile, mean
2,592±2,812
±SD
14

38.2 ±18.0
51%
2008 ±4
25.8 ±5.4

11,137±14,634

*% Below 100% of the US federal poverty
level, mean ±SD
*% Population with less than 12 years of
education (age >24), mean ±SD
*% Non-employment, mean ±SD
*% Foreign Born, mean ±SD
*% Single-parent households with dependents <
18 years, mean ±SD
*% Population black, mean ±SD
*% Hispanic, mean ±SD
*% Without a car, mean ±SD
% Living in crowded housing units, mean ±SD
% Living in renter occupied units, mean ±SD
% Age <5 years or >64 years, mean ±SD
*Included as covariates in full multivariable model

13.5±10.6

19.3±13.2

12.1±10.6

15.4±12.9

8.4±5.1
12.0±11.2

9.7±6.7
19.6±14.8

17.0±9.8

22.0±12.1

9.8±18.3
17.5±22.3
5.6±5.9
3.0±3.9
28.4±18.3
19.2±4.9

16.7±26.4
25.1±26.7
15.3±13.2
4.4±4.8
50.9±22.1
17.8±5.4

In unadjusted analysis, we found an inverted-U. BMI was positively associated with
NRD density below 15 establishments∙ha-1 (β=+0.029 kg∙m-2 /nonresidential buildings ha1;

95% CI: +0.028,+0.029), and was negatively associated with NRD in the mid-to- high

density stratum (β=-0.012 ; -0.012,-0.011). The difference of the slopes was statistica lly
significant (P<0.001). Results were slightly attenuated when adjusting for covariates. After
accounting for age, sex, year of issue, and census tract characteristics as indicated in Table
2, BMI was positively associated with NRD density below 15 establishments∙ha - 1
(β=+0.004 kg∙m-2 /nonresidential buildings ha-1 ; 95% CI: +0.003,+0.006), and was
negatively associated with NRD in the mid-to-high density stratum (β=-0.001 ; -0.002,0.001). The difference of the slopes were statistically significant (P<0.001) (Figure 1 - 4 &
Table 1 - 4).
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Figure 1 - 4: LOWESS Curve used to visualize the relationship between
nonresidential destinations and body mass index.

Both the Lagrange Multiplier and Robust Lagrange Multiplier tests were highly
significant for both the unadjusted and adjusted piecewise linear regression models,
indicating significant spatial autocorrelation of the error term and suggesting a spatial error
regression might be appropriate. Due to computational constraints in processing such a
large data set, several 1% random samples were drawn for use in running the spatial error
regressions. In each model presented in table 4, the spatial error regression had the same
coefficients and confidence intervals as the ordinary piecewise linear regression to the ten
thousands place.
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Because the choice of 1 km as the spatial scale size is somewhat arbitrary, we
performed sensitivity analyses with other commonly used spatial scales12,27,35 . We noticed
that the optimum inflection point differed by search radius used in the density functio n.
The inflection point was 25 ha-1 at a search radius of 250 m, 20 ha-1 at 500 m, 15 ha-1 at 1
km (Base case) and 10 ha-1 at 2 km (Table 1 - 4 & Figure 1 - 5). In the low-density stratum,
all coefficients were positive except for at a spatial scale of 2 km. At all four spatial scales,
the coefficient was negative in the high-density stratum (Table 1 - 4). 22% of residences
between 10 ha-1 and 25 ha-1 would be reclassified depending on choice of inflection point.
If the inflection point is switched to 10 ha-1 at a spatial scale of 2 km, then the coeffic ie nt
becomes positive again in the low-density stratum.
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Figure 1 - 5: LOWESS curves used to visualize the relationship and the
corresponding piecewise linear regression to fit the model between nonresidential
destinations and body mass index.

Table 1 - 4: Multivariable models of main analysis and other spatial scales
(N=17,200,486)

Radius

Inflection
Point
Low-density Stratum
(establishm β Coefficient (CI)
ents∙ha-1 )
Unadjusted Model

High-density Stratum
β Coefficient (CI)

P-value

250 m

25

+0.014 (+0.014, +0.015)

-0.012 (-0.012, -0.011)

<0.001

500 m

20

+0.024 (+0.023, +0.024)

-0.020 (-0.020, -0.019)

<0.001

15

+0.029 (+0.028, +0.029)

-0.027 (-0.027, -0.026)

<0.001

10

+0.025 (+0.024, +0.026)

-0.028 (-0.028, -0.028)

<0.001

1 km (Base
Case)
2 km

Model adjusted for person-level covariates
250 m

25

+0.009 (+0.009, +0.010)
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-0.005 (-0.005, -0.009)

<0.001

500 m
1 km (Base
Case)
2 km

20

+0.017 (+0.017, +0.018)

-0.009 (-0.009, -0.009)

<0.001

15

+0.023 (+0.023, +0.024)

-0.012 (-0.012, -0.011)

<0.001

10

+0.026 (+0.025, +0.026)

-0.016 (-0.016, -0.015)

<0.001

Full Multivariable Model
250 m

25

+0.004 (+0.004, +0.006)

-0.001 (-0.002, -0.006)

<0.001

500 m

20

+0.007 (+0.005, +0.009)

-0.004 (-0.006, -0.001)

<0.001

15

+0.005 (+0.004, +0.006)

-0.009 (-0.012, -0.004)

<0.001

10

-0.008 (-0.019, +0.002)

-0.012 (-0.015, -0.009)

<0.001

1 km (Base
Case)
2 km

All models include all individual and census-tract variables as fixed effects and state as a
random intercept.
Discussion
In a previous study conducted in a predominantly rural state with a range of low to
mid-densities of NRDs,27 we found a positive relationship between NRDs and BMI. This
contradicted much of the existing literature at the time, which was largely performed across
a range of densities from mid to high. In the current study, we used over 17 million records
from multiple states to investigate the relationship between the density of NRDs and BMI
across a broader range of development. We found that BMI peaks in the middle density,
with lower values at both extremes, supporting our previous findings that NRDs are
positively correlated with BMI in lower density settings. Further, our results confirm the
inverse relationship between BMI and NRDs found in other studies of high-density areas.
To the best of our knowledge, this is the first study to explore the relationship between
NRDs and BMI across such a broad range of development densities.
Using a search radius of 1 km around each household to calculate the density, we
found a positive relationship between NRDs and BMI up until an inflection point of 15
destinations∙ha-1 , at which point the relationship became negative, creating an inverse- U
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shaped curve. The inverted-U relationship holds at multiple spatial scales, except for the
full multivariable model with a search radius of 2 km where the relationship between NRDs
and BMI was negative in both high-density and low-density settings (although the mid- to
high-density strata did have a significantly steeper negative slope). Another interesting
finding was that the inflection point shifted depending on the radius. We hypothesize that
larger search radii result in more NRD variability, where high-density portions cancel out
low-density portions obscuring the inflection point.
The mechanisms by which NRDs are associated with obesity are uncertain but
appear to differ with density.

Based on our findings and the previous literature, the

mechanism for low BMI in high-density areas includes opportunities for active transport
(and therefore lack of car reliance) and PA afforded by destination proximity.12 We expect
fewer opportunities for active transport and more car reliance in high- and mid-density
areas. In contrast, for those living in the lowest density range, lower average BMI may be
attributable to more physically intensive employment (e.g. agricultural or resource
extraction work) and home property management (wood chopping, snow removal, brush
clearance, etc.), and greater access to outdoor recreation, in spite of relatively high car
reliance. In other words, lifestyle factors in rural areas may play a similar role to active
transport in high-density areas, even though car reliance is high and active transport is low.
The mechanism may also involve the local food environment, geopolitical, socioeconomic,
or social differences among others. We currently lack the data to firmly establish these
mechanisms (Figure 1 - 1).
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Although not conclusive, our proposed hypothesis for the mechanism behind lower
BMI in low-density settings is consistent with previous literature. Two studies of rural
Amish adults and children found very high levels of PA and very low rates of obesity.36,37
Further, rural individuals are more likely to spend time outdoors, which may increase PA38
and therefore reduce BMI. Higher levels of natural amenities common in rural areas have
been linked with decreased BMI,39 but this may be more a function of socioeconomic status
than urban-rural status.40
Previous literature suggests a negative, monotonic relationship between the NRDs
and BMI. There are two primary reasons why these studies could have missed the nonlinear
relationship between NRDs and obesity demonstrated here. First, most studies were
performed in mid- to high-density settings. Second, even if data from very rural areas were
included, the investigators may not have considered a nonlinear relationship across
development. Ignoring the possibility of a nonlinear relationship could obscure more
nuanced relationships between NRDs and BMI and drastically attenuate the slope of the
coefficient in high-density areas. Ultimately, researchers can draw incorrect conclusio ns
from the data by failing to account for nonlinear relationships.
Our analysis of the full spectrum of development also leads to an important insight:
areas with mid-densities have the highest BMI, nearly 1 BMI point higher than in lowdensity areas and over 3 points higher than high-density areas. Both high-density and lowdensity environments encourage PA, although for different reasons. That leaves the middle
range of density as the most susceptible for obesity related to inactivity. The suburbs are
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also the dominant settlement pattern in the US today, which raises important public health
and planning questions.
The results of this study could have important implications for built environme nt
research methods as well as practical applications, but first, the mechanisms of action need
to be explicated. We need to explore causative relationships between NRDs and health
across a wider range of development than has been usual in the past. More importantly,
these findings suggest that solutions extracted from one density may not apply to areas
with different densities. Once confirmed, these findings could help customize allocation of
building permits and zoning laws of NRDs based on how dense an area is, which could
ultimately have positive impacts on BMI. Urban planners and public officials could have
the potential to combat obesity in mid-density settings by adding a few units of NRD
density, potentially making the area more walkable, while adding NRDs to low-density
setting may be counterproductive. Future studies should investigate if the type of NRD has
different effects on BMI and obesity across densities.
There are several important limitations to this study. Although we had informa tio n
on individuals with a driver’s license or state ID card, we likely missed undocume nted
immigrants and others without a formal state ID card. Self-reported height and weight are
subject to both differential and non-differential misclassification bias. Weight is
consistently underreported while height is over reported, and the magnitude varies by US
region.41,42 However, we do not expect self-reported BMI to vary by proximity to NRDs,
mitigating the effect of these errors on the reported associations. Like most studies in this
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arena, these data are cross-sectional, and individuals are prone to self-assignment of
neighborhoods. However, others have shown that neighborhood self-selection bias in
studies of the built environment and health attenuates the estimates toward the null. 4 3
Therefore, associations may be even stronger in actuality. We assume residential proximity
to walkable destinations correlates with active transport, but people move around in their
daily life in many ways and may engage in active transport away from home. We do not
know how much time individuals spend outside of the 1 km buffer from their residence.
Euclidean buffers, such as those used here, may not optimally represent active transport
burden. This factor may vary depending on density, potentially introducing bias.
While primary data collection is considered the gold standard for identifying
business locations, it is time consuming, not available for historical periods, and often
infeasible in large studies.44,45 An advantage of commercially sourced data is that they use
consistent methods across multiple areas. Although accuracy can be increased by
combining multiple sources, they were not available for this analysis. However, we did deduplicate records and remove PO Boxes.44 There was a temporal mismatch between the
NRD and driver’s license data. NRDs were collected later (2016) than height and weight
(2008-2014), but we do not expect NRDs to drastically change over this short time. Using
a static measure of NRDs could introduce bias through the uncertain geographic context
problem.46
We did not measure all the potential mechanisms of the association between NRD
and BMI. While the preponderance of literature strongly suggests that walking to
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destinations is important in high-density contexts, our knowledge of PA in lower-density
areas is far less complete. We did not include all potential effect modifiers that could
support or impede walking such as the availability of sidewalks, street connectivity, 4 7
residential density,48 access to public transit,11 and traffic speed, although we did control
for car ownership at the census tract level. We treated all nonresidential destinations as
equally important, but it is likely that some types of establishments (fast food restaurants,
for example) have a different relationship with BMI than others (such as recreational
facilities). Finally, we had a lack of data on many potential individual level confounders,
but the broad distribution of subjects allowed adjustment for many measures of social and
economic deprivation at the neighborhood (census tract) level.
This study is unique in the size of the datasets used. Prior studies on the built
environment and obesity at the individual level had relatively small sample sizes49 , while
larger studies relied on BMI aggregated across relatively large areas such as zip codes,
census tracts, or counties50 and may suffer from the ecologic fallacy.51 In contrast, this
study used large data sets with individual- level street address, BMI, and NRDs measures.
There has also been a lack of consistency on the spatial scale used to measure the built
environment making comparing between studies difficult52 . Our study used four common
spatial scales to enhance comparability.
In this analysis of over 17 million US residents, BMI peaked in the mid-density range of
NRDs with lower values in both the lower and higher ranges. We pose a question for future
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studies to consider: Do other relationships between the built environment and health vary
across levels of density?
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2.1. Abstract
Background
A recent study of licensed drivers found a nonlinear relationship between density of
nonresidential destinations (NRDs), a proxy for walkability, and Body Mass Index (BMI)
across a wide range of development patterns. It is unclear if this relationship can be
replicated in a population with multiple chronic conditions, or translated to health outcomes
other than BMI.
Methods
We obtained health data and home addresses for 2,405 adults with multiple chronic
conditions from 44 primary care clinics across 13 states using the Integrating Behaviora l
health and Primary Care Trial. In this cross-sectional study, the relationships between
density of NRDs (from a commercial database) within 1 km of the home address and selfreported BMI, and mental and physical health indices were assessed using several
nonlinear methods, including restricted cubic splines, LOWESS smoothing curves,
nonparametric regression with a spline basis, and piecewise linear regression.
Results
All methods demonstrated similar nonlinear relationships. Piecewise linear regression was
selected for ease of interpretation. BMI was positively related to NRDs below the inflec tio n
point of 15 establishments∙ha-1 (β=+0.09 kg∙m-2 /nonresidential buildings ha-1 ; 95% CI:
+0.01, +0.14), and negatively associated above the inflection point (β=-0.02;-0.06, +0.02).
Mental health decreased with NRD density below the inflection point (β=-0.24;-0.31,31

0.17), and increased above it (β=+0.03; -0.00, +0.07). Results were similar for physical
health (β=-0.28;-0.35,-0.20) and (β=+0.06; +0.01, +0.10).
Conclusion
Health indicators were the lowest in middle density (typically suburban) areas and got
progressively better moving in either direction from the peak. NRDs may affect health
differently depending on home-address NRD density.
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2.2 Introduction
Chronic

medical

conditions

such as heart and lung

disease,

diabetes,

musculoskeletal conditions, and obesity are among the most common causes of morbidity,
mortality, and healthcare costs in the United States (US). These medical conditions often
coincide with mental and behavioral health conditions such as anxiety, depression, chronic
pain and substance abuse, increasing the likelihood of poor health outcomes.1 The US
Centers for Disease Control and Prevention (CDC) recommend regular aerobic exercise
such as walking for individuals with chronic conditions and disabilities to increase daily
living activities, promote independence, prevent the worsening of disease, decrease
anxiety, depression, and pain, and increase longevity.2 Given that only 1 in 4 older adults
meet the minimum aerobic activity levels and even fewer meet the full physical activity
guidelines,3 it is essential to find population- level approaches to increase physical activity.
One solution backed by the US surgeon general’s Step It Up initiative4 is the promotion of
neighborhood walkability to increase physical activity.
A walkable environment is characterized by diverse land uses in proximity,
connected and pedestrian-friendly street network design, short distances to transit, and
destination accessibility.5-10 These characteristics reduce obesity11 and enhance mental12-14
and physical health15 by promoting walking and other forms of active transport.16,17 For
this study we focused on destination accessibility, measured as the density of nonresidentia l
destinations (NRDs) surrounding the participant’s home residence. Living within a
walkable distance to retail businesses, employers, public offices, restaurants, schools,
33

commuter rail and bus stops, and places of worship can promote active transport and reduce
automobile use.
Four systematic reviews examining nearly 200 studies of older adults found that
access to NRDs was positively associated with total physical activity participation, overall
walking16,18,19 , and walking for transportation17 . Residing in areas with a high density of
NRDs can also improve health. Two longitudinal studies found that accessibility to NRDs
was associated with lower rates of obesity in the US20 and Canada.6 A fifth review of 23
articles about the built environment and physical function found some evidence that NRDs
can improve physical function but concluded that more research was necessary.15 Less is
known about this relationship between NRDs and mental health. Living in walkable areas
may have benefits for individuals with chronic conditions, but the literature is sparse.
Adults living in high-walkability areas had lower 10-year incidences of diabetes21 and
cardiovascular disease22 than those in low-walkability areas, although not glycemic
control.23
While the literature suggests an inverse relationship between NRDs and body mass
index (BMI) and a positive relationship between NRDs and physical function in highdensity settings, there are few studies that include lower density settings. Data from the
rural US found that a perceived lack of NRDs was associated with obesity.24 Studies from
China25 and Texas26 that spanned a wide range of development found positive relations hips
between NRDs and BMI. In Vermont – a low-density area – a positive correlation between
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NRD density and BMI was found using two independent datasets, suggesting that this
relationship may vary nonlinearly across the density spectrum.27
More recent literature has confirmed a nonlinear relationship between NRDs and
obesity. Using nearly 17 million driver’s license records from six US states, Bonnell et al.
found

a positive

relationship

between NRDs and self-reported

BMI below 15

destinations∙ha-1 , at which point the relationship became negative, creating an inverted- U
shaped curve.28 Lower density areas were characterized by farmlands and farming
communities typical of the rural Midwest, while higher density areas were often cities with
multi-family buildings and ground floor destinations, such as downtown Chicago or The
Bronx, New York. The middle density areas where the inflection point occurred largely
corresponded to suburban areas characterized by automobile-oriented development, or near
town centers of small rural towns.
There are two goals of the current study: 1) to confirm the nonlinear relations hip
between NRD densities and self-reported BMI across a wide range of development in a
national sample of primary care patients with chronic conditions and 2) to assess if the
nonlinear relationship applies to other health outcomes, including indices of mental and
physical health. We hypothesized that BMI would increase as NRDs increased in the range
from low to mid densities (typical of suburban areas), but decrease in the range from mid
to high densities, forming an inverted-U curve. Conversely, we expected mental and
physical health would decrease as NRDs increased in the range from low to mid densities
but increase in the range from mid to high densities, forming a U-shaped curve.
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2.3 Methods
2.3.1 Data and Setting
The characterization of NRDs as a proxy for walkability is described elsewhere.2 8
Briefly, 13 million potential destinations were geocoded using a 2018 database of
commercial establishments (Dun & Bradstreet Corp., Milburn, New Jersey). We filtered
the dataset for facility types likely to serve as destinations for active transport based on
their North American Industry Classification (NAICS) codes. Retail establishme nts,
personal service providers, restaurants, community centers, schools, places of worship,
post offices and other government facilities, and commercial recreation and entertainme nt
facilities were included (n=3,749,984). We excluded establishments likely to discourage
or at least not initiate walking such as agriculture, forestry, mining, quarrying, utilities,
construction, manufacturing, and wholesale trade.
A second data set contained survey results from the Integrating Behavioral Health
and Primary Care, a multi-center, prospective randomized study of a practice-leve l
intervention among chronically ill primary care patients from 2016-2021, described in
detail elsewhere.29 Briefly, we obtained health data and home addresses on 3,797 adults
with multiple chronic conditions from 44 primary care clinics across 13 US states includ ing
Alaska, Hawaii, California, Oregon, Washington, Idaho, Texas, Georgia, Kentucky, Ohio,
New York, Massachusetts, and Vermont (see Figure 2 - 1).
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Figure 2 - 1: Map of practice locations from the Integrating Behavioral Health and
Primary Care trial

All patients had multiple chronic conditions (arthritis, obstructive lung disease,
chronic bronchitis or asthma, non-gestational diabetes, heart failure or hypertens io n,
anxiety

or depression,

chronic

pain (including

headache,

migraine,

neuralgia,

fibromyalgia, or chronic musculoskeletal pain), insomnia, irritable bowel syndrome,
substance use disorder, tobacco use, or problem drinking) as determined by review of
electronic health record visit data, problem lists, medication lists and laboratory results.
Data were collected at three timepoints, baseline, midpoint, and follow-up, but for this
study, we only used the cross-section of data from the follow-up timepoint. Follow- up
was used because BMI was not available at baseline data collection. Patients were
excluded if they had fewer than 2 chronic conditions, missing PROMIS-29 data at follow
up timepoint, missing address information, or density of nonresidential destinations >100
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establishments ∙ha−1 (see Figure 2 - 2). Our final analytic dataset contained complete
information on 2,405 adult primary care patients with multiple chronic conditions. After
exclusions, there were no missing data. Those with complete data and no address
information available tended to be more rural than those with addresses that were
geocoded. However, the distribution of demographic variables were statistically simila r
(age, sex, race, education, marital status, and employment status).
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Figure 2 - 2: Consort diagram

The predictor for this analysis was the absolute concentration of NRDs, which was
taken as a proxy for destination accessibility or opportunities for active transport and
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walkability. It was calculated by the ArcGIS Point Density function as the number of
establishments∙ha-1 within 1 km of the home address of participants. Each address was
assigned the density value of its coinciding 30 m pixel from the point density raster output
surface. Each pixel in this surface can be interpreted as giving the density value for an area
around it with a Euclidean buffer radius of 1 km. The 1 km spatial scale was chosen based
on prior literature that suggests the mean walking trip in the US is 0.98 km, about a 15minute walk.30,31 NRDs were spatially joined to the survey results based on the home
address of the respondent. Density of NRDs ranged from 0-400 establishments ∙ha−1
however, we excluded records with NRD density >100 establishments ∙ha−1 because they
were statistical outliers and not representative of the majority of places people reside. The
statistical techniques used in this study become unstable and tend to over-fit the data with
very small sample sizes. Only 1% of data (n=37 records) had densities between 100 and
400 establishments ∙ha−1 and the resulting findings were unreliable. These participants were
statistically similar to the main study participants in terms of age, sex, race, education,
marital status, and employment status. In the current study, 0 to 100 establishments∙ha −1
represents a wide and representative spectrum of development, ranging from rural southcentral Idaho (low density), to the suburbs of Worcester, MA (middle density), to Bronx,
NY (high density).
The outcome variables were BMI, calculated from self-reported height and weight,
physical health as measured by the Patient-Reported Outcomes Measurement Informatio n
System® (PROMIS-29) physical health summary score, and mental health as measured by
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the PROMIS-29 mental health summary score. The PROMIS-29 is a self-reported
questionnaire that assesses eight domains of health including pain interference, pain
intensity, physical function, depression, anxiety, fatigue, sleep disturbance, and social
participation. Physical and mental health summary scores are calculated from these eight
domains. Scores range from zero to 100 and are standardized to the US population, where
50 is the mean with a standard deviation of 10. Higher scores indicate better functio na l
health.
Potential covariates were considered for inclusion in the multivariable analys is
based on prior knowledge. This process was strictly exploratory and used for the
purposes of hypothesis generation. Participant- level demographic covariates included
age, sex, race, ethnicity, marital status, annual household income, education, and number
of chronic conditions. Neighborhood rurality and social deprivation were measured at
the census-tract level by The Social Deprivation Index32 (SDI) and rural urban
commuting area (RUCA) codes.33 The SDI is a composite measure of deprivation based
on income, education, employment, housing, single-parent household, and access to
transportation.
2.3.2 Geocoding
Point locations (latitude and longitude) were assigned for each participant’s home
address using the ArcGIS address geocoder (ESRI Inc., Redlands, CA) with the WGS 1984
coordinate system. Addresses that had less than 100% match to a point location were
checked for errors and manually geocoded. 2,405 (86%) were matched to a street address.
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The others addresses consisted of P.O. Boxes and rural routes that could only be matched
to a zip code centroid. These were excluded because NRDs are a granular measure at the
street address level. Demographics (age, sex, race, ethnicity, marital status, income,
education) and outcomes (BMI, mental and physical health) did not vary systematically by
geocoding status. Records that were correctly geocoded were more likely to be urban and
have higher NRDs, consistent with previous literature.34
2.3.3 Statistical Analysis
To allow for the possibility of a nonlinear relationship, we used piecewise linear
regression to assess BMI and mental and physical health as a function of NRDs. Next, we
used restricted cubic splines, LOWESS smoothing curves,35 and nonparametric regression
with a spline basis to confirm a similar data fit and make sure the results were not spurious
due to the statistical method chosen. After confirmation of similar results with the more
complex models using visual assessment and Bayesian Information Criteria (when
possible), we proceeded with the piecewise linear regression only, due to the ease of
interpretation of the coefficients. We included covariates in the multivariable model that
changed the association between the predictor and outcome by >10%. The main analysis
consisted of three separate adjusted models estimating BMI, mental health, and physical
health as a function of NRDs with 95% confidence intervals (CI). Spatial autocorrelatio n
of the error term was assessed using Lagrange Multiplier Tests.36 The Lagrange multip lier
test for spatial autocorrelation was significant in the models, suggesting spatial
autocorrelation was present and spatial error regression may be warranted. All tests were
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two-tailed and the threshold for statistical significance was P<0.05. Stata 16.1 (StataCorp
LP, College Station, Texas) was used for data management and statistical analysis. GeoDa
was used to assess spatial error regression.37 We used the Spatial Lifecourse Epidemio lo gy
Reporting Standards guidelines.38
2.4 Results
This study included 2,405 participants. The majority were older and female, non-Hispanic,
white, married, retired, and had low incomes (See table 1). The mean BMI was 31.9 kg/m2 ,
which is much higher than the US national average (26.5 kg/m2 men, 26.6 kg/m2 women)39 ,
likely because we selected for individuals with multiple chronic conditions that are often
related to obesity. Likewise, the average physical health summary score was worse (45.5)
than the national average (50). However, the average mental health summary score was
slightly higher (51.1) than the national average (50).
Table 2 - 1: Participant characteristics
n (%) or
mean ±SD
2,405
63.8 ±12.9

N
Age, years
Sex
Female
Male
Other/Prefer not to say
Race
White
Black or African American
Asian
Native Hawaiian/Other Pacific Islander
American Indian or Alaskan Native
Other/Prefer not to say
Ethnicity
Hispanic

1,544 (64%)
855 (36%)
6 (0%)
1,843 (77%)
298 (12%)
75 (3%)
25 (1%)
19 (1%)
141 (6%)
167 (7%)
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Non-Hispanic
Prefer not to say
Marital Status
Never married
Married
Living as married
Separated
Divorced
Widowed
Employment
Full-time
Part-time
Retired
Disabled
Homemaker
Student
Unemployed/Looking
Other/Prefer not to say
Annual household income
<$15,000
$15,000-$29,999
$30,000-$44,999
$45,0000-$59,999
$60,000-$74,999
$75,000-$99,999
>$100,000
Mean number of chronic conditions
Arthritis
Asthma
Chronic Obstructive Pulmonary Disease
Chronic pain
Non-Gestational Diabetes
Heart failure
Hypertension
Irritable bowel syndrome
Anxiety
Depression
Insomnia
Substance use disorder
Neighborhood characteristics (home census tract)
Social Deprivation Index (higher indicates more
deprivation)
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2,197 (92%)
23 (1%)
387 (16 %)
1,069 (45%)
62 (3%)
52 (2%)
514 (21%)
306 (13%)
409 (17%)
172 (7%)
1,043 (44%)
593 (25%)
87 (4%)
10 (0%)
80 (3 %)
3 (0%)
652 (27%)
492 (21%)
302 (13%)
229 (10%)
189 (8%)
189 (8%)
305 (13%)
4.1 ±1.8
1,115 (40%)
587 (21%)
359 (13%)
2,204 (79%)
1,248 (44%)
222 (8%)
2,265 (81%)
117 (4%)
880 (31%)
1,224 (44%)
610 (22%)
592 (21%)
52.6 ±28.4

Rural
Population density, persons per square mile
Primary Predictor
Nonresidential destinations
Primary Outcomes – PROMIS-29 t-scores
PROMIS-29 Physical Health Summary t-score*
PROMIS-29 Mental Health Summary t-score*
BMI kg/m2
*Higher score is better

378 (16%)
3,917 ±5998
10.8 ±14.4
45.5 ±9.7
51.1 ±8.8
31.9 ±8.7

Because similar functional forms were found for all nonlinear methods, the
piecewise linear method was used for ease of interpretation. Ordinary piecewise linear
models and piecewise linear models using spatial error regression were performed.
Because the results were statistically similar, we opted to report only the ordinary linear
regression results.
We defined the low-to-mid density range from zero to 15 establishments∙ha-1 and
the mid-to-high density range from 15-100 establishments∙ha-1 . We found an inverted Ushaped relationship between NRDs and BMI (see Figure 2 - 3). On average, BMI increased
as NRD density increased from low-density (BMI=~31kg/m2 at 1 establishments∙ha-1 ) to
mid-density (BMI=~33 at 15 establishments∙ha-1 ) and then decreased from mid-density to
high-densities (BMI=~30 at 80 establishments∙ha-1 ). Using piecewise linear regression,
BMI was positively associated with NRD density below 15 establishments∙ha-1 (β=+0.09
kg∙m-2 /nonresidential buildings ha-1 ; 95% CI: +0.01, +0.14), and was negatively associated
with NRD above 15 establishments∙ha-1 (β=-0.02; -0.06, +0.02). Conversely, we found Ushaped relationships between NRDs and physical and mental health. Mental and physical
health was negatively associated with NRD density below 15 establishments∙ha-1 (β=-0.24;
45

-0.31, -0.17) (β=-0.28; -0.35, -0.20), and was positively associated with NRDs above 15
establishments∙ha-1 (β=+0.03; -0.00, +0.07) (β=+0.06; +0.01, +0.10), respectively. The
slopes before and after the inflection point were statistically different (P<0.001) in each
model (see Figure 2 - 3 & Table 2 - 2).
Several variables attenuated the nonlinear relationship between NRDs and health
outcomes. For the BMI model, age, income, and neighborhood SDI changed the low-tomid density or the mid-to-high density coefficient more than 10%. Likewise, mental health
was attenuated by age, income, marital status, and neighborhood SDI. Finally, the physical
health model was attenuated by income, marital status, and neighborhood SDI (Table 2 2).
Table 2 - 2: Mental and physical health and BMI as a function of NRDs (N=2405)

Radius

BMI
Mental Health
Physical
Health
* BMI

High-density Stratum
(15-100
establishments∙ha-1 )
β Coefficient (CI)

Low-density Stratum
(0-15 establishments∙ha-1 )
β Coefficient (CI)

Difference in
Slopes
P

Unadjusted
+0.09 (+0.01,+0.14)
-0.24 (-0.31,-0.17)

-0.02 (-0.06,+0.02)
+0.03 (-0.00,+0.07)

<0.001
<0.001

-0.28 (-0.35,-0.20)

+0.06 (+0.01,+0.10)

<0.001

Adjusted
-0.05 (-0.12,+0.02)

0.00 (-0.04,+0.04)

0.55

†Mental

-0.09 (-0.16,-0.02)
+0.01 (-0.03,+0.05)
Health
§Physical
-0.10 (-0.18,-0.02)
+0.04 (-0.00,+0.08)
Health
*Adjusted for age, income, and neighborhood SDI
†Adjusted for age, income, marital status, and neighborhood SDI
§Adjusted for income, marital status, and neighborhood SDI
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<0.001
<0.001

Figure 2 - 3: Non-parametric regression with a spline basis, LOWESS smoothing
curve, restricted cubic splines and piecewise linear regression used to visualise BMI
as a function of NRDs. Non-parametric regression with a spline basis, LOWESS
(locally weighted scatterplot smoothing) curve, restricted cubic splines and
piecewise linear regression used to visualise mental health summary score as a
function of NRDs. Non-parametric regression with a spline basis, LOWESS
smoothing curve, restricted cubic splines and piecewise linear regression used to
visualise physical health summary score as a function of NRDs. BMI, body mass
index; NRDs, non-residential destinations.

2.5 Discussion
We sought to test the nonlinear relationship between NRDs and health outcomes in a highly
vulnerable, older population with chronic conditions. Our results are consistent with those
from a prior study28 where BMI peaked in the mid-density range with lower values on
either extreme. Mental and physical health were also worse in mid-density areas with better
values found in both lower and higher density areas. The largest associations were seen
between NRDs and physical and mental health in low-density areas. An increase of 10
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establishments∙ha-1 was associated with a decrease of about ¼ of a standard deviation of
physical health. Although the associations are partially attenuated in multivariable models,
especially in high-density areas, there is still a significant negative association between
NRDs and mental and physical health in low-density areas after covariates variables are
added. Further, the differences between the slopes between low and high-density areas
remains significant for mental and physical health, suggesting that the association between
NRDs and health varies based on the underlying level of development.
The mechanisms by which NRDs are associated with health are unclear, but are
likely similar for obesity, mental health, and physical health. In higher density areas,
previous literature suggests that an increase in accessible destinations promotes walking in
the form of active transport, which leads to a reduction in obesity, better physical functio n,
and improved mental health. In mid-density areas, corresponding with many suburbs, we
expect fewer opportunities for active transport and more reliance on cars, resulting in
higher levels of obesity, and worse mental and physical health, as seen in our results. The
mechanism behind lower BMI in lower densities areas is less clear. The lowest density
levels of NRDs may be a proxy for more physically intensive rural lifestyles through
greater access to outdoor recreation, physical employment, or home property manage me nt
as evidenced in the low prevalence among rural Amish community.40,41
There is an expansive yet conflicting literature on the benefits of neighbor hood
walkability and health benefits for older adults, some of whom may have chronic
conditions. However, there is very little information on this relationship among this highly
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vulnerable population of adults with coexisting medical and behavioral problems. Similar
to our results in higher density areas, adults living in more walkable neighborhoods had
lower 10-year cardiovascular risk.22 In contrast, a recent study found no relations hip
between neighborhood walkability and glycemic markers in people with type 2 diabetes.23
Another study found no relationship between walkability and mental and physical health
among older adults after acute myocardial infarction.42 However, the two contrasting
studies did not consider nonlinear relationships. Therefore, it is possible that the conflic ting
results in the literature are due to linear models missing a nonlinear effect, something that
future research should consider.
Although our population had similar mental health summary scores to the US
population as a whole, their physical health summary scores were much lower. Even after
accounting for personal and neighborhood characteristics, NRDs were significa ntly
associated with lower physical health scores in low-density areas. Perhaps other
improvements in the built environment, such as crime safety24 , are more important in lowdensity areas than increasing NRDs.
Density is used in this study over alternatives such as the Walk Score® (Walk
Score, Seattle, WA) and the National Walkability Index (US EPA, Washington D.C.). This
is because, although these alternatives take into account several aspects of the built
environment including NRDS and intersections, they suffer from the modifiable areal unit
problem because their spatial scales are aggregated from points to census tracts or zip
codes.43 NRD density, as measured here, is precise within 30 meters of the home address,
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allowing for granular variability in walkability within zip code or census tracts. This spatial
scale may be especially helpful to distinguish the nuances of small rural towns that have
town centers.
There are several limitations to consider. First, the health outcomes data are selfreported. Individuals tend to underreport weight and over-report height (used to calculate
BMI) and this has been shown to vary by geographic location.44 However, we have no
evidence that the misreporting of height and weight varies systematically with respect to
density of NRDs. Second, these findings may only generalize to primary care patients in
the US with multiple chronic conditions. However, this highly vulnerable population is
understudied in the health geography literature. Third, the COVID-19 pandemic occurred
during data collection and may have affected participants differently at different times
based on their home location and density of NRDs. Fourth, LOWESS smoothing and
nonparametric regression are subject to overfitting when sample sizes are small, but we
found an acceptable level of concordance between four different methods.35

Fifth,

participants with multiple chronic conditions may have experienced the pandemic
differently (more worried about health), and thus may have answered the questionna ire
differently than healthier subjects may have.45
We confirmed a nonlinear relationship between a measure of neighborhood walkability
and BMI in a highly vulnerable population with multiple chronic conditions. Further, this
may be the first study to investigate nonlinear relationships between neighbor hood
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walkability and mental and physical health. Other studies should consider nonlinear
relationships when studying the built environment and health.
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CHAPTER 3: NONLINEAR RELATIONSHIPS AMONG THE NATURAL
ENVIRONMENT, HEALTH, AND SOCIODEMOGRAPHIC
CHARACTERISTICS ACROSS US COUNTIES
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3.1. Abstract
Background: To explore the nonlinear relationships between natural amenities and health
at the intersection of sociodemographic characteristics among primary care patients with
chronic conditions.
Methods: We used survey data from 3,409 adults across 119 US counties. PROMIS-29
mental and physical health summary scores were the primary outcomes. The natural
environment (measured by the County USDA Natural Amenities Scale (NAS)) was the
primary predictor. Piecewise spline regression models were used to explore the
relationships between NAS and health at the intersection of sociodemographic factors.
Results: We identified a nonlinear relationship between NAS and health. Low-income
individuals had a negative association to health with each increase in NAS in high
amenities areas only. However, white individuals had a stronger association to health with
each increase in NAS in low amenities areas.
Conclusions: In areas with low natural amenities, more amenities are associated with better
physical and mental health, but only for advantaged populations. Meanwhile, for
disadvantaged populations, increasing amenities in high amenity areas are associated with
decreases in mental and physical health. Understanding how traditionally advantaged
populations utilize the natural environment could provide insight into the mechanis ms
driving these disparities.
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3.2 Introduction
There is a vast literature on the built environment and health.1 Constructs such as
population and housing density,2 access to healthy food,3-5 proximity to walkable
destinations and transit,6 and varied land use7 can bolster active travel and a healthful diet,8
improving mental and physical health and obesity. The literature on the natural
environment and health is less developed.
Much like the built environment, the natural environment is a multifaceted
construct. Traditionally the natural environment has been interpreted in terms of toxicity,
focusing on how air pollution,9 climate change,9 natural disasters,10 and agricultura l
chemicals11 negatively impact health, and beneficence, focusing on healthful benefits of
exposure to nature, and more recently urban greenspace,12 and the ‘biophilia hypothes is’,
where humans possess an innate tendency to connect with nature.13, 14 Fewer studies focus
on nonmodifiable domains of the natural environment in which individuals reside, such as
topography and climate. One study used weather station data and found that populations
that reside in places with better climate had lower Body Mass Index (BMI), seemingly
through increased physical activity.15 Another study found an inverse association between
county natural amenities and BMI using several large datasets.16 Although these factors
influencing health are nonmodifiable, if we can identify differences between populations,
there may be ways to reduce the inequalities and improve health.
The relationships between the environment and health are complex and therefore
may require complex modelling. Only recently have studies started to include models that
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allow for the possibility of nonlinear relationships. Three recent studies found convinc ing
evidence that aspects of the built environment and walkability are not monotonica lly
related to BMI. Each study found that increasing walkability was associated with increased
BMI in areas with lower walkability, but hit an inflection point, where increasing
walkability was associated with decreased BMI in areas with higher walkability.17-19 To
our knowledge, no studies have assessed whether the relationship between the natural
environment and health is nonlinear.
Many studies in this realm focus on children or the elderly because they are
assumed to be more dependent on their local environment, but very few focus on adults
with chronic conditions. It is unclear if the natural environment influences health
differently for different populations.
We sought to explore the relationship between the natural environment and health
at the intersection of various demographic factors and social determinants of health among
primary care patients with multiple chronic conditions, allowing for the possibility of a
nonlinear relationship. Similar to previous built environment work, we hypothesized that
there may be a nonlinear relationship between the natural environment and health and that
these relationships may differ by certain patient characteristics. This was an exploratory
analysis; we did not have an a priori hypothesis of the shape of the nonlinear relations hip.
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3.3 Methods
3.3.1 Data and Setting
We used pre-COVID, baseline survey results from a multi-center randomized trial
of primary care patients, described elsewhere.20 Data were collected from 3,929 adults with
chronic conditions (heart disease, diabetes, lung disease, arthritis, mood disorder,
insomnia, substance abuse, chronic pain, or irritable bowel syndrome) from 44 primary
care practices across 13 states. Records were included in this sub-study if they provided a
home address and had complete data for the primary predictor and outcomes. After
exclusions, the final analytic sample had 3,409 records from 119 US counties.
Our primary outcomes were mental and physical health summary scores measured
by the PROMIS-29,21, 22 a validated survey that assesses emotional, physical, and social
function, and well-being. The PROMIS-29 produces mental and physical health summary
t-scores from 0 (poor health) to 100 (excellent health) that are standardized to the US
population with a mean of 50, and a standard deviation of 10.
The primary predictor was the natural environment measured by the USDA
Economic Research Service’s Natural Amenities Scale (NAS), a county-level composite
score derived from winter and summer temperatures, winter sunlight hours, summer
humidity, topographical variation, and total water area.23, 24 This scale ranges from -6.4
(Red Lake, MN) to 11.2 (Ventura, CA) overall, and from -2.4 (Lexington, KY) to 9.8 (San
Diego, CA) in this sample. Higher values represent more attractive natural amenities. The
top ten scoring counties are in California, while the ten lowest are from Indiana, North
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Dakota, and Minnesota. Alaska and Hawaii are not included in the NAS. The NAS is an
empirical construction that describes the revealed preferences of US adults and estimates
retiree population change. Traditionally in the US, retirees tend to migrate towards places
with warmer winters, mild summers, varied topography, and access to water features.
Clinical knowledge and prior literature informed the selection of subgroups, includ ing
older age (<65 vs. >65 years), sex (male vs. female), race (white vs. other), ethnic ity
(Hispanic vs. Non-Hispanic), marital status (currently married vs. not), low annual
household income (<$30,000 vs. ≥$30,000), education (college graduate or more vs.
associates degree or less), employment status (employed or retired vs. not), population
density, county size (square miles), and rural-urban status (rural vs. urban defined by Rural
Urban Commuting Areas (RUCA) codes).25 Race and ethnicity are considered differe nt
constructs in the US to allow for the classification of individuals within any race and
simultaneously as Hispanic or non-Hispanic cultural groups.
3.3.2 Geocoding
Each participant’s household was geocoded and assigned the corresponding NAS score.
Latitude and longitude points were assigned for each participant’s home address using the
ArcGIS address geocoder (ESRI Inc., Redlands, CA) and the WGS 1984 coordinate
system. Addresses that had less than 100% match were manually checked for errors. After
removing records without an address and manually geocoding, 100% were matched to a
county. Rural routes and P.O. Boxes that could only be matched to a zip code centroid were
included as zip code centroids are nested within counties.
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3.3.3 Statistical Analysis
Based on previous work,16,17 we hypothesized that the relationship between the
natural environment and health may be nonlinear However, we did not have an a priori
shape in mind. We used locally-weighted scatterplot smoothing (LOWESS) curves to make
first order estimations of best fit.26 The LOWESS function explores the relations hip
between two variables by fitting many simple models to various subsets of the data,
resulting in a unique, nonlinear visual description of the relationship. The resulting graph
identified a clear inflection point near NAS=0 for both mental and physical health,
indicating that a piecewise linear regression may be appropriate (see Figure 3 - 1 & Figure
3 - 2). We confirmed nonlinearity by comparing linear regressions and piecewise linear
spline regressions with a knot at zero using the Akaike Information Criterion (AIC).27
Multilevel models with a random intercept at the county-level were assessed. However, the
likelihood ratio test suggested the results were similar and therefore the single- le ve l
multivariable technique was used. Once confirming the best-fit model, we investigated
different subgroups using the same modelling technique. The regression models have
added advantages over LOWESS in interpretability and statistical testing. We forced the
model to have continuity at the inflection point. After unadjusted models, we performed
multivariable analyses controlling for age, sex, race, ethnicity, marital status, income,
education, employment status, and rural-urban status. Sub-groups were investigated if the
interactions term had a P<0.20. For the subgroup models, the moderating term was omitted
as a covariate in the model. There were 119 counties represented in this study but the
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majority (90%) of participants reside in 24 counties. Therefore, we performed a sensitivity
analysis using only participants residing in the 24 counties.
All tests were two-tailed and the threshold for statistical significance was set at
α=0.05. Stata 16.1 (StataCorp LP, College Station, Texas) was used for data manage me nt
and statistical analysis.
All study procedures were approved by The University of Vermont Committees on
Human Research (CHRMS#16-554). Informed consent was provided by all study
participants.
Figure 3 - 1: LOWESS curves and piecewise linear splines visualizing the
unadjusted relationships among NAS and mental and physical health.

63

Figure 3 - 2: LOWESS curves, piecewise linear splines, and data points visualizing
the unadjusted relationships among NAS and mental and physical health.

3.4 Results
Participants’ mean age was 64 years old and 46% were aged <65. The sample was
primarily female (63%), non-Hispanic (92%), white (79%), and unemployed or retired
(67%). About half were unmarried (51%), low income (50%), and did not graduate college
(53%). The mean physical and mental health summary scores were 46 and 50, respectively,
where the average US population average is 50. The mean NAS score was 1.8, while 33%
lived in low amenity areas (NAS<0). Many participant characteristics differed between low
and high amenities. See Table 3 - 1.

64

Table 3 - 1: Participant characteristics stratified by the natural amenities scale

1,140
64 ±12
734 (65%)
769 (69%)
57 (5%)

High
amenities
NAS ≥0
2,269
63 ±14
1,398 (62%)
1,873 (84%)
204 (9%)

0.12
0.11
<0.001
<0.001

515 (45%)

1,148 (51%)

0.003

372 (33%)

767 (34%)

0.47

666 (58%)

1,055 (47%)

<0.001

429 (38%)

1,183 (52%)

<0.001

45 ±10

46 ±10

<0.001

50 ±9

50 ±9

0.96

Low amenities
NAS<0
N
Mean age ±SD
Sex, female
Race, white
Ethnicity, Hispanic
Marital status,
married
Employment,
working
Income, <$30k/year
Education, college
graduate or more
Mean physical health
summary score ±SD
Mean mental health
summary score ±SD

P

AIC values were smaller for the piecewise linear spline models for physical
(AIC=25083) and mental (AIC=24558) health than the linear models (AIC=25,110,
AIC=24,569, respectively), suggesting the nonlinear models had less prediction error and
better fit. Upon visual inspection, the piecewise linear spline model closely approximated
the LOWESS curve (see Figure 3 - 1 & Figure 3 - 2). For both mental and physical health,
we found a “hockey stick” shaped curve. In areas with lower natural amenities, increasing
amenities were associated with better health, but in higher amenities areas, health did not
change with additional amenities. Specifically, in low amenities areas (NAS<0), more
amenities was associated with better physical (ß=1.76, 95% confidence interval (CI) 1.17,
2.36) and mental (ß=1.08, 95% CI 0.53, 1.63) health. However, in high amenity areas
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(NAS≥0), more amenities was not associated with physical (ß= -0.01, 95% CI -0.09, 0.12)
or mental (ß= -0.00, 95% CI -0.09, 0.09) health. See Table 3 - 2.
Unadjusted analyses were also performed for sub-groups. Based on the significa nce
of interactions terms, income, race, ethnicity, and rural-urban status sub-groups were
investigated for both mental and physical health, marital status was assessed for physical
health, and education was assessed for mental health. In high amenity areas only, lowincome individuals had a negative association of amenities to mental health with each
additional NAS. Further, living in rural high amenities areas was associated with lower
mental health while living in urban high amenities areas was associated with lower physical
health. In low amenities areas only, non-Hispanic white individuals had a stronger
association of amenities to mental and physical health compared to non-white and Hispanic
individuals (see Figure 3 - 3 & Figure 3 - 4 ). Those living in urban low amenities areas
had an improvement in mental health, while those living in rural low amenities areas had
an improvement in physical health for each increase in NAS. Further, in low amenities
areas only, married individuals had an improvement in physical health and those with
higher education had an improvement in mental health, compared to their counterparts (see
Table 3 - 2).
Table 3 - 2: Unadjusted piecewise spline regression overall and sub-group models

Simple model
Subgroups

Mental Health
ß (95% CI)
Low amenities
High amenities
(NAS <0)
(NAS ≥0)
ß (95% CI)
ß (95% CI)
Unadjusted models
*1.08 (0.53, 1.63)
*-0.00 (-0.09, 0.09)
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Physical health
ß (95% CI)
Low amenities
High amenities
(NAS <0)
(NAS ≥0)
ß (95% CI)
ß (95% CI)
*1.76 (1.17, 2.36)

*-0.01 (-0.09, 0.01)

Low income,
y
Low income,
n
White race, y
White race, n
Hispanic, y
Hispanic, n
Married, y
Married, n
Graduated
college, y
Graduated
college, n
Rural
residence, y
Rural
residence, n

*0.13 (-0.50, 0.76)

*-0.17 (-0.33, -0.02)

0.50 (-0.14, 1.12)

-0.14 (-0.29, 0.01)

0.40 (-0.70, 1.51)

-0.00 (-0.11, 0.11)

1.15 (-0.07, 2.41)

-0.02 (-0.15, 0.11)

*1.21 (0.51, 1.91)
0.36 (-0.67, 1.39)
1.13 (-1.27, 3.52)
*1.06 (0.48, 1.68)
--*1.63 (0.61, 2.65)

*0.02 (-0.08, 0.13)
-0.02 (-0.23, 0.20)
-0.03 (-0.36, 0.30)
*0.01 (-0.36, 0.30)
--*-0.05 (-0.17, 0.06)

*2.00 (1.23, 2.77)
0.51 (-0.54, 1.56)
1.40 (-1.07, 3.87)
*1.75 (1.13, 2.37)
*1.51 (0.40, 2.63)
1.07 (0.26, 1.88)
--

*0.01 (-0.11, 0.14)
0.13 (-0.09, 0.35)
-0.03 (-0.37, 0.31)
*0.02 (-0.09, 0.13)
*0.00 (-0.15, 0.16)
0.06 (-0.10, 0.21)
--

0.56 (-0.11, 1.23)

-0.16 (-0.33, 0.01)

--

--

1.59 (-0.22, 3.40)

-0.83 (-1.51, -0.16)

1.97 (1.34, 2.61)

0.06 (-0.04, 0.17)

1.09 (0.51, 1.67)

0.03 (-0.07, 0.13)

1.53 (-0.39, 3.45)

-1.73 (-2.45, -1.02)

Each coefficient present is the linear slope of health as a function of NAS across a range
of amenities. For instance, mental health was positively associated with NAS in low
amenities areas with a slope of 1.08 but in not in high amenities areas where the slope was
0.00. Slopes that significantly differ from zero are shown in bold type. *Significa nt
difference (P<0.05) in slopes between low and high-amenity areas.
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Figure 3 - 3: Unadjusted piecewise linear spline models visualizing the relationships
between NAS and mental and physical health for white (gray lines) and non-white
(black lines) individuals.
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Figure 3 - 4: Unadjusted piecewise linear spline models visualizing the relationships
between NAS and mental and physical health for white (gray lines) and non-white
(black lines) individuals.

After adjusting for relevant confounding variables, the overall relationship of the
NAS and health was attenuated and no longer significant. However, there were still
important and consistent associations within the subgroups. Similar to the unadjusted
analysis, in low amenities areas only, white individuals had a stronger association of
amenities to mental and physical health compared to non-white individuals. However, in
high amenity areas, mental health had a negative association of amenities to mental and
physical health for each additional increase in natural amenities, and this was especially
prominent among low-income individuals. Further, living in a rural high amenities area
was associated with worse physical health for each additional increase in NAS. The slopes
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differed significantly between low and high-amenity areas for many of the models (see
Table 3 - 3).
Table 3 - 3: Multivariable piecewise spline regression overall and sub-group models
Mental Health
ß (95% CI)

Physical health
ß (95% CI)

Low amenities
(NAS <0)
ß (95% CI)
Adjusted models †

High amenities
(NAS ≥0)
ß (95% CI)

Low amenities
(NAS <0)
ß (95% CI)

High amenities
(NAS ≥0)
ß (95% CI)

0.30 (-0.28, 0.88)

-0.09 (-0.20, 0.00)

0.50 (-0.12, 1.13)

-0.05 (-0.15, 0.06)

*0.64 (-0.08, 1.36)

*-0.27 (-0.44, -0.10)

*0.64 (-0.09, 1.37)

*-0.21 (-0.39, -0.04)

Low income, n

-0.07 (-1.18, 1.04)

-0.01 (-0.11, 0.13)

0.43 (-0.83, 1.69)

0.04 (-0.10, 0.17)

White race, y

*0.75 (0.04, 1.46)

*-0.08 (-0.19, 0.02)

*1.03 (0.25, 1.81)

*-0.07 (-0.19, 0.05)

White race, n
Hispanic, y
Hispanic, n
Married, y
Married, n
Graduated college, y

0.00
0.01
0.45
--0.40

-0.11 (-0.35, 0.13)
0.00 (-0.35, 0.36)
-0.10 (-0.21, -0.00)
---0.09 (-0.21, 0.02)

-0.13 (-1.26, 1.01)
0.31 (-2.52, 3.13)
0.57 (-0.09, 1.22)
0.62 (-0.50, 1.73)
0.45 (-0.32, 1.22)
--

0.00 (-0.23, 0.24)
-0.07 (-0.42, 0.29)
-0.06 (-0.17, 0.06)
-0.05 (-0.20, 0.10)
-0.05 (-0.21, 0.10)
--

Graduated college, n

0.36 (-0.37, 1.10)

-0.08 (-0.26, 0.10)

--

--

Rural residence, y

0.62 (-1.15, 2.39)

0.13 (-0.67, 0.70)

0.51 (-1.38, 2.40)

-0.84 (-1.57, -0.10)

Rural residence, n

0.30 (-0.34, 0.94)

-0.07 (-0.18, 0.03)

0.64 (-0.04, 1.33)

-0.02 (-0.13, 0.09)

Full model
Subgroups
Low income, y

(-1.14, 1.15)
(-2.81, 2.83)
(-0.16, 1.05)

(-0.64, 1.45)

Models were adjusted for age, sex, race, ethnicity, marital status, education, and employme nt.
In subgroup analysis, moderating variables were omitted.
Slopes that significantly differ from zero are shown in bold type.
*Significant difference (P<0.05) in slopes between low and high-amenity areas.

We performed a sensitivity analysis using 90% of the participants that reside in 24
counties. No results significantly changed. For instance, in unadjusted analysis in low
amenities areas, the coefficient shaped from 1.76 to 1.80 for physical health and from 1.08
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to 1.09 for mental health. Similar small differences were observed in high amenities areas.
In adjusted analysis in high amenities areas, the coefficient for mental health became
slightly more negative but lost significance, likely due to the decrease in sample size. No
other notable changes were noticed in the sensitivity analysis.
3.5 Discussion
Previous research found nonlinear relationships between the built environment and
health. Here, we extend these findings to the natural environment and to various
subgroups. In this exploratory analysis, we found that the effect of the natural environme nt
on physical and mental health was important in areas with lower natural amenities, but not
in areas with higher natural amenities. After adjustment, these relationships appeared to be
significant especially among more advantaged populations. In low amenity areas, White
individuals seemed to benefit from an improving natural environment, while in higher
amenity areas, the health of lower income individuals decreased with improving amenities.
The relationship of the natural environment to health is complex and there are likely
several mechanisms at work. In general, as seen here, health improves as the natural
environment improves. Better climate and more varied topography can lead to more
physical activity and better health.15,

16

Residing near green space can increase physical

activity and subsequently improve health.28 Simply being “in nature” can reduce stress and
lead to lower blood pressure, anxiety, depression, and risk of poor health outcomes.29-31 In
turn, residing in places with high air pollution or near large agricultural farms can lead to
health issues.32, 33 There is also a budding literature on geographical psychology focusing
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on how individual psychological characteristics interact with the local environment and
ultimately affect health.34-36 A possible explanation for the nonlinear association in our
study is that once some criteria are met for a favorable natural environment (milder, sunnier
winters, less humid summers, some variation in topography or access to some blue and
green space), other county-level competing

factors (urban-rural continuum,

built

environment, cost of living) come into play. But then, why do advantaged populations have
health benefits in low amenity areas while disadvantaged populations do not? Perhaps,
advantaged populations in low amenities areas can focus on health and physical activity
through means outside the natural environment (gyms, yoga, etc.). Meanwhile, in high
amenity areas, low-income individuals have a decline in mental and physical health with
additional amenities while there is no impact on higher income individuals. This could be
due to increases in cost of living associated with high amenity areas. Low-income
individuals may need to work multiple jobs to make ends meet and therefore have less time
or money to take advantage of the natural environment.
As expected in a population with chronic conditions, the average physical health
was lower than the average US population. The mental health scores were similar to the
US population even though we included individuals with known behavioral conditions. In
the worst natural environments, however, physical and mental health were much worse
than the national level. Improving the natural environment in which one resides from -4 to
0 on the NAS is associated with an increase in mental health and physical health, although
after adjustment, only for white individuals.
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There are important policy implications if this work can be confirmed. Although
most natural amenities are nonmodifiable, there are strategies to improve health by
reducing the health benefit inequities between certain groups that are associated with
improvements in the natural environment. One could improve some aspects of the natural
environment by adding green space, recreation areas, and hiking trails that have been
shown to increase physical activity and improve health.18 It will be important to identify
potential mechanisms that are driving improved health in low amenity areas for advantaged
populations. Because we only see improvements in health for traditionally advantaged
populations, perhaps identifying how these populations are benefiting could inform
outreach campaigns geared towards disadvantaged populations.
There are several limitations. The spatial granularity of the NAS is low and may
not accurately measure the natural environment at the sub-county level. However, many of
the characteristics that make up the NAS probably do not likely differ drastically within
county. The theory behind the creation of the NAS may not generalize outside the US as
other countries may find colder winters appealing. Further, there is a discordance in dates
between the survey data (2018) and NAS (2000). Although survey data are self-reported,
the PROMIS-29 is validated and reliable. We collected data from 44 primary care practices
of various sizes, structures, and settings across the United States. However, not all states
or regions are represented and therefore the results of this study may not be generalizab le
to areas outside the study area. Most of the range of the natural amenity scale is represented.
Although 119 counties are represented in this study, the majority (90%) of participants
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reside in 24 counties, further hampering generalizability and questioning whether the
findings of this study are an artifact of the data. However, a similar inflection point has
been shown using a nationwide dataset.16 Future research should investigate why the
inflection point is at zero and explore more complex modelling techniques such as general
additive models (GAMs). Further, all study participants have multiple chronic conditions,
which limits generalizability to otherwise healthy adults. As with most studies of the
environment, these data cannot distinguish if the environment affects health or if health
and sociodemographic characteristics influence where people live.
There are many strengths to this study. While most studies in this realm focus on
children or the elderly, we examined a large sample of adult primary care patients with
chronic conditions. While other studies have relied on aggregated health information that
may suffer from the ecologic fallacy,37 we used individual-level data. This may be the first
study to investigate nonlinear relationships between the natural environment and health.
Future studies should include information on cost of living and explore how the built,
natural, and social environment affect health.
In this nationwide analysis of adults with chronic conditions, we found that the
natural environment affects health differently depending on the number of natural
amenities available. Further, the benefits of the natural environment are not homogeno us
across different populations. Understanding why these differences exist could lead to
strategies to improve health through improving equitable access to the natural environme nt
and ultimately to improved mental and physical health.
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CHAPTER 4: NONLINEAR RELATIONSHIPS BETWEEN WALKABILITY
AND HEALTH: A REVIEW OF THE LITERATURE
4.1. Abstract
Background
Most studies of the association between walkability and adiposity assume a linear
relationship. In reality, however, these relationships are more complex and possibly
nonlinear in nature. Using linear regression techniques to model nonlinear relations hips
could introduce bias and be partially responsible for conflicting findings in the literature.
We aimed to review studies that used nonlinear methods to model the relationship between
walkability and health.
Methods
We searched PubMed and Web of Science through August 2022. Original research that
assessed a nonlinear relationship between walkability and health were included. We
recorded the definition of walkability, the outcome, the location, the statistical methods,
and the findings from each study. These were synthesized to identify patterns.
Results
The search identified 50 articles, 8 of which met the inclusion criteria. Six of 8 studies
explicitly tested and found that nonlinear models had better fit than linear models. Further,
despite heterogeneity in the definition of walkability and statistical methods used, most
studies found an inverse-U shaped relationship between walkability and BMI.
Conclusions
78

We reviewed the recent literature on the nonlinear relationship between walkability and
health. In some instances, nonlinear models may be superior to linear models in modelling
this relationship. Ignoring the possibility of nonlinearity could miss important insights into
these relationships and ultimately lead to incorrect conclusions. Future studies should
attempt to fit nonlinear models when assessing walkability and health.
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4.2 Introduction
Chronic medical conditions such as heart disease and obesity are prevalent in the
United States (US) and often occur in conjunction with mental and behavioral health
conditions such as anxiety and depression, increasing the likelihood of poor health
outcomes.1 These conditions are largely preventable through lifestyle changes such as
improving diet or increasing physical activity.2 The built environment can facilitate or
impede healthful behaviors and lifestyle choices and ultimately help prevent or reduce
morbidity and mortality from chronic medical and behavioral health conditions.3,4
The built environment, defined as the space in which people live, work, and recreate
on a day-to-day basis, promotes or impedes healthful lifestyles though access to healthy
foods and walkable infrastructure.5 One aspect of the built environment is walkability, or
how favorable an area is to pedestrian walking.6,7 There are several ways to measure
walkability including residential density, population density, street intersection density,
land use mix, design of walkable streets with little traffic and large sidewalks, distance to
transit, and destination accessibility.8-11 These attributes of walkability can independently
promote active travel, a healthful diet, and result in better mental and physical health.
However, systematic reviews have highlighted significant heterogeneity in the
relationship of walkability and health.12-14 These conflicting results may be partially
attributed to disagreements in how walkability is defined, differences in spatial scales used
(country vs. census tract vs. household), differences in the underlying population sampled,
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or differences in the underlying level of development (large metro areas, suburban areas,
rural areas etc.).
Previous studies have assumed a pre-specified, positive, monotonic relations hip
between walkability and health or a negative, monotonic relationship between walkability
and adiposity.12 Most studies have focused on urban areas where automobile reliance is
low and active travel is high. Fewer studies have investigated this relationship in rural or
suburban areas.15 In rural and suburban areas where automobile reliance is high, it is
unclear if a walkability has the same impact on active transport or health. Regardless, it is
plausible that walkability may affect health differently depending on the level of
development, suggesting that a nonlinear relationship may exist.
Modelling true nonlinear relationships using linear models could result in bias and
conflicting findings. For example, if the true relationship is U-shaped and linear model is
fit, there is potential for a null finding. Ignoring the possibility of nonlinearity could result
in incorrect or misleading results and ultimately impact local built environment policy.
There has been a recent uptick in articles published using nonlinear methods. The goal
of this review is to summarize the walkability and health literature that used nonlinear
methods. We highlight definitions of walkability, the outcome, the location, the statistica l
methods, and the findings from each study.
4.3 Methods
We identified original research articles through August 2022 using PubMed and
Web of Science databases. A medical librarian assisted in the development of the search
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strategy. The PubMed search was conducted using Medical Subject Headings (MeSH)
related to the 5Ds of walkability including density (residential, populations etc.), diversity
(land use mix), design (walkability), distance (to transit), and destination accessibility, as
well as mental and physical health, and nonlinear methods. An iterative approach was used
to refine the searches. All searches were performed on August 26, 2022. A similar approach
was used for the Web of Science database. The complete list of MeSH terms can be found
in Table 4 - 1.
Table 4 - 1: Complete searches
TOPIC: ("built environment" or "walk*" or "density" or “destinations” or “transit” or
“development” or “residential” or “land use mix” or “nonresidential destinations” or
“food outlet” or “rural” or “urban” or “suburban”) AND TOPIC: (“non-linear” or
“nonlinear: or "statistical interaction" or “gradient” or “nonmonotonic” or “nonmonotonic” or “modify” or “stratify”) AND TOPIC: (“health” or “bmi” or “body mass
index” or “obesity” or “function” or “health related quality of life” )

Studies were manually screened within each database and selected if there was
mention of any aspect of walkability, health, and nonlinear methods in the title or
abstract. Articles were excluded if they were not original research, if the outcome
assessed was walking or physical activity rather than an indicator of health such as
obesity, if nonlinear relationships were not assessed, or if an interaction term other than
walkability or development was included (e.g. age, neighborhood deprivation). The
results were limited to the English language (see Table 4 - 2).
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Table 4 - 2: Inclusion and exclusion criteria
Inclusion criteria Original research articles published in English in peer-reviewed journals
Predictor is one of the 5Ds of walkability (density, diversity, design,
distance to transit, and destination accessibility).
Outcome is some measure of health (obesity, mental health, physical
health, etc.)
Nonlinear methods used
Exclusion criteria Review articles, study protocols, letters to editors, and conference papers
Walking or other forms of active travel as the outcome measure
Did not test for a nonlinear relationship
Interaction term with a variable other than walkability or development

The systematic searches of PubMed and Web of Science databases identified a
total of 85 references, which were pooled in a table in Microsoft Excel. After deduplicated, 50 articles underwent review of their titles and abstracts by the lead author
(LNB). Thirty-one articles were excluded because they were not original research or used
walking as an outcome. The remaining 19 articles were read in full, where an additional 8
references were found to not test for a nonlinear relationship (including mediation
models), and another 3 references included an interaction term with variables other than
walkability such as age or deprivation, leaving a total of 8 articles (see Figure 4 - 1).
Relevant information was extracted including authors, location of study, definition of
walkability, and health indicators used as outcomes. Statistical methods were evaluated,
including if the authors considered both linear and nonlinear models and which had the
better fit.
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Figure 4 - 1: Flow diagram

4.4 Results
The majority of studies (88%) included in this review used a measure of adiposity
(waist circumference, whole body fat, waist-to-hip ratio, or body mass index (BMI)) as an
outcome measure. Other outcomes assessed were mental and physical health and
sarcopenia. Over half (63%) were published after 2019. Most articles defined walkability
using a measure of density, including population density (n=2)16,17 , nonresidentia l
destination density (n=2)18,19 , residential density (n=1)20 , and fast food density.21 Two
studies used composite measures of walkability (n=2)22,23 , that includes the aforementio ned
attributes of walkability and more. A variety of methods were used to model the nonlinear
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relationships including restricted cubic splines (n=2), general additive models (n=3),
piecewise linear regression (n=2), general estimating equations (n=1), and gradient boosted
decision trees (n=1) (note these are not mutually exclusive as some studies impleme nted
multiple statistical methods). The studies were conducted in the US (n=3), China (n=2),
England (n=1), and Taiwan (n=1). Sample sizes ranged from 1,056 (Park 2017) to 17.2
million (Bonnell 2021). See Table 4 - 3.
Table 4 - 3: Characteristics of selected studies

Authors

Bonnell,
LN

Bonnell,
LN

James, P

Murphy,
M

Year

Predictors:
Definition of
walkability

2021

Access and
proximity to
destinations
(nonresidential
destinations)

2017

Access and
proximity to
destinations
(nonresidential
destinations)
Walkability (a
composite of
population
density, street
connectivity, and
business access)

2018

Access and
proximity to
destinations (fast
food outlet
density)

2022

Outcomes:
Health
indicators

Population

Statistical
methods

BMI

17.2 million
residents from 6
US states

Piecewise linear
regression;
LOWESS
curves

BMI,
mental
health,
physical
health

2,405 US adult
primary care
patients with
multiple
chronic
conditions

Restricted cubic
splines,
LOWESS
smoothing
curves, nonparametric
regression with
a spline basis
and piecewise
linear
regression

BMI

23,435 older
US women
from the Nurses
Health Study

BMI

3,141
Australian
adults
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Generalized
additive models
with penalized
splines
General
estimating
equations
stratified by
level of
development

Findings
Inverse U-shaped
relationship
between
commercial
building density
and BMI
Inverse U-shaped
relationship
between
commercial
building density
and BMI. U-shaped
relationship
between
commercial
building density
and mental and
physical health
U-shaped
relationship
between
walkability and
BMI
Inverse U-shaped
relationship
between fast food
outlet density and
BMI

Park,
JH*

2021

Walkability (walk
score)

Sarcopenia

1,056 older
Taiwanese
adults

General
additive models

502,649 English
older adults

Restricted cubic
splines

Sarkar, C

2017

Residential
density

Adiposity,
waist
circumfere
nce, whole
body fat

Sun, B

2022

Population
density

Abdominal
obesity

36,422 Chinese
adults

General
additive models

waist-tohip ratio

3,581 Chinese
adults

Gradient
boosted
decision trees

Population
Yin, C*
2021
density
*Studies that found inconsistent results

Inverse U-shaped
relationship
between
WalkScore and
sarcopenia
Inverse U-shaped
relationship
between residential
density and
Adiposity, waist
circumference,
whole body fat
N-shaped
relationship
between population
density and
abdominal obesity
Inverse U-shaped
relationship
between population
density and waistto-hip ratio

4.4.1 Review of each article
Bonnell et al. found an inverse-U shaped curve between the density of
nonresidential destinations and BMI among 17.2 million US residents across six states.18
Although the authors did not explicitly test if a linear model was a better fit, they did use a
LOWESS curve, which allows the data to specify the functional form, rather than shaping
the data to a pre-specified shape. After identifying a nonlinear relationship, they fit the
inverse-U shaped curve suggested by the LOWESS, using a piecewise linear model with
an inflection point at 15 establishments∙ha-1 . This study had an unprecedented sample size
with a granular measure of walkability and used a 1km buffer, which is a common buffer
size and comparable to other studies. However, it lacked information on many key
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individual level covariates and did not explicitly test whether linear regression had a better
fit than the nonlinear model. Despite the granularity of the predictor, this measure of
walkability may not be comparable to other studies.
Bonnell et al. then sought to generalize their nonlinear results to a differe nt
population and to additional health outcomes.19 Their second study found a nonlinear
relationship between density of nonresidential destinations and BMI, mental health, and
physical health among 2,405 adult primary care patients with chronic conditions. A
LOWESS function was used to model these relationships and identified an inflection point
at 15 establishments∙ha-1 . Then, after confirming a nonlinear relationship, nonparametr ic
regression, restricted cubic splines (RCS), and piecewise linear regression were used to
model the relationships. This study extended previous findings to a new population and
new health indicators including mental and physical health. The sample size is smaller in
the study but there were a plethora of individual-level characteristics considered in each
model. Again, the measure of walkability may not be comparable to other studies, besides
the previous study performed by the same authors.
James et al. found a nonlinear relationship between a composite score of
walkability and BMI among 23,435 US women from the Nurses Health Study.23
Generalized additive models (GAMs) with penalized splines were used to model the
relationship, which utilize a generalized cross-validation technique that includes a linear or
nonlinear model, depending on which is a better fit of the data. They found a positive
relationship between walkability and BMI up until a walkability score of 1.8, at which
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point the relationship became negative. This study had a large sample size and used
methods that explicitly tested if linear or nonlinear models were a better fit of the data.
They created a residence-level walkability index that incorporates many aspects of
walkability. This measure of walkability is quite strong but may not be reproducible unless
the authors publish it. The population was limited to healthcare professionals and may not
be generalizable.
Murphy et al. found a nonlinear relationship between fast food density and BMI
among 3,141 Australian adults.21 General estimating equations with an interaction term
between fast food density and area of residence (established residential areas versus urbangrowth area) was used to model the relationship with BMI. Fast food density was
negatively associated with BMI in urban-growth areas but positively associated in
established residential areas. No relationship was found with grocery stores. It is unclear if
this finding generalizes to areas densities outside suburban areas. The authors used both
qualitative (outside scope of this review) and quantitative methods to assess this
relationship and included several covariates in the model including a measure of physical
activity. The authors did not test to see if this relationship was better fit by linear or
nonlinear methods.
Park et al. found a nonlinear relationship between neighborhood Walk Score and
sarcopenia among 3.2 million Taiwanese adults aged 65 years and older.22 GAMs were
used to model the relationship and indicated that nonlinear models had a lower Akaike
Information Criterion (AIC)24 than linear models, suggesting the nonlinear model were a
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better fit. The risk of sarcopenia was highest in areas with low (Walk Score=0), mid (Walk
Score=60 somewhat walkable), and high (Walk Score=100), and lowest in areas with a
Walk Score of 40 (car dependent) and 80 (very walkable), creating a sinusoidal wave. This
study had a very large sample and found a novel relationship. The predictor is less granular
than some of the other studies and may be subject to the modifiable areal unit problem.2 5
With that said, the Walk Score is intuitive and may be the most easily interpretable measure
in terms of dissemination. This relationship may only be generalizable to older adults or
Taiwanese adults.
Sarkar et al. found an inverse-U shaped relationship between residential density
and BMI, waist circumference, and whole-body fat among 502,649 English older adults.2 0
The authors performed both linear regressions in addition to RCS and used AIC to
determine which had a better fit. Once the relationship was confirmed to be nonlinear, RCS
were used to fit the data and then piecewise linear regression was used to model the
relationship for ease of interpretation. Measures of adiposity increased until an inflec tio n
point of 1800 units/km2 at which point the relationship started to decrease. The authors
used a very large dataset and had several measures of adiposity, all showing similar results.
It is unclear if residential density can be compared to population density or the density of
nonresidential destinations.
Sun et al. found an N-shaped relationship between population density and waist
circumference and waist-to-hip ratio among 36,422 Chinese adults.16 The study employed
GAMs which allows the comparison of traditional linear approaches as well as nonlinear
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approaches. Abdominal obesity increases as population increased until 12,000 people/km2 ,
at which point abdominal obesity started to decrease. Then, at 50,000 people/km2 the
abdominal obesity started to increase again, creating an N-shaped relationship. This study
utilized a large sample size and checked for both linear and nonlinear relationships. Over
the range of population densities similar to other studies (i.e., excluding ultra-dense areas
that may be unique to China and other Eastern countries), the observed relationship was
consistent with an inverted-U shape.
Yin et al. found nonlinear relationships between local and regional population
density, distance to city center, and predicted waist-to-hip ratio and among 3,581 Chinese
respondents.17 Gradient boosted decision

trees were used to identify

nonlinear

relationships. However, the relationship was not tested to see if a linear relationship fit the
data better. Predicted waist-to-hip ratio decreased as local population density increased
until an inflection point of 10,000 persons/km2 at which point waist-to-hip increased with
local population density. In contrast, predicted waist-to-hip ratio decreased as regional
population density increased. Predicted waist-to-hip ratio increased as distance to city
center increased, hitting an inflection point at 7 km, and then started to gradually flatten
and decrease. Unlike the other studies, all measures of the built environment were included
in the model simultaneously. This study included a large sample size and included ultradense areas in China. The predictors were not granular and it’s unclear if a traditional linear
model is a better fit or the boosted trees model due to the small change in adiposity reported.
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Interestingly, the measures of walkability were more important in predicting adiposity than
individual characteristics.
4.4.2 Synthesizing results
A trend emerged among the majority of studies included in this review. Five of 8
studies found an inverse U-shaped relationship between walkability and adiposity, where
the extremes had better outcomes than the middle range. This trend is especially
remarkable because others have shown that findings between the built environment and
obesity can be affected by data-processing, model-specification, as well as what covariates
are included in the models (age, income, education), and how missing data is handled in
the measure of walkability.27 Although comparison of the different measures of walkability
is challenging, we attempted to summarize these results in a graphic. One found
contradictive results, where adiposity was lowest in mid-ranges and highest on the
extremes. Another found that sarcopenia was worse at the extremes and in the middle, with
low points in between. The third paper assessed areas within a suburban context but found
that fast food density was positively associated with BMI in established residential areas
but negatively associated in urban-growth areas (Figure 4 - 2).
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Figure 4 - 2: Nonlinear relationships between walkability and adiposity

4.5 Discussion
4.5.1 Overview of evidence
Although a vast literature exists on the built environment and health, only recently have
nonlinear methods been incorporated. This review sought to summarize the budding
literature evaluating nonlinear relationships between walkability and health. Despite
heterogeneity in the measures of walkability and the health indicators, location, and the
statistical methods used, the majority of studies found an inverse U-shaped relations hip
between walkability and adiposity. In general, adiposity increased as walkability increased
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until an inflection point, at which point adiposity started to decrease as walkability
increased.
4.5.2 Predictors: measures of walkability
Eight studies met the inclusion criteria for this review and they used a wide variety
of different measures for walkability. Although previous literature has shown that
population density9 , residential density8,9 , Walk Score,12 proximity to nonresidentia l
destinations,11 and composite walkability indices12 are individually associated with health
and adiposity, comparisons between these measures are challenging. Each measure cannot
be directly translated to the other. For instance, the inflection points from the eight papers
are at 15 establishments per hectare (n=2 papers), 1.8 walkability units, 40 and 80 Walk
Score units, 1800 residential units/km2 , 12,000 and 50,000 people/km2 , 10,000 people/km2 ,
and the point between urban-growth areas and established residential areas. It is unclear if
these findings are similar by coincidence or if a true nonlinear relationship exists. However,
the mechanisms driving these relationships are thought to be the same. In general, a
walkable environment can promote active travel and thus improve mental and physical
health. Therefore, although heterogeneity in predictors exist, it makes theoretical sense that
the same relationship was found across studies.
4.5.3 Outcomes: health indicators
Seven of eight studies included a measure of adiposity as an outcome measure,
while the other study used sarcopenia. Among the 7 studies that included a measure of
adiposity, 4 reported BMI and 3 reported waist circumference, waist-to-hip ratio,
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abdominal obesity, or whole-body fat. BMI has its limitations and other measures of
adiposity may be more relevant in China17 , future studies should consider including BMI
as an additional outcome measure, if available, for between-study comparability purposes.
One study extended these nonlinear findings to measures of mental health, opening a new
door of potential research.
4.5.4 Differences in methodology
The majority of studies tested whether a linear or nonlinear model was a better fit.
Although Bonnell et al. did not test this analytically, they did use a LOWESS curve that
allows the data to specify a form, and then fit a piecewise linear model to this functio na l
form.18,19 Sarkar et al. used a similar method of fitting a nonlinear relationship with a
piecewise linear model for ease of interpretability.20 Most papers implemented GAMs,
which do test if linear vs. nonlinear are better fit. Only Yin et al. and Murphy et al. did not
test whether a linear model fit their data better.17,21 Future research should consider both
linear and nonlinear models and explicitly test which is a better fit.
4.5.5 Differences in location
The studies were conducted in different locations where the relationship between
walkability and health may fundamentally differ due to differences in culture, policy, and
infrastructure. In the US, where 3 studies took place and the UK where 1 study took place,
high walkability is typically indicative of city centers with a variety of destinations to walk
to, lots of intersections for safe travel, and safe and clean environments.5 However, these
94

same conditions may not hold in eastern countries such as China, where 2 studies were
performed, and Taiwan, where 1 study was performed. Other authors have suggest that in
city centers in some eastern countries, air, light, and noise pollution can be high, there are
food swamps, where only low nutrient food are available, and traffic is unpredictable and
heavy.17,22,28,29 This could result in less active travel and explain why these two studies
found worse health at the extreme-high end.
4.5.6 Contradictive results
Despite the differences in walkability, outcomes, methodology, and location
addressed above, 5 of 8 studies found an inverse U-shaped relationship between walkability
and adiposity. There are several potential reasons why three studies could have found
contradictive findings.17,21,22 First, they were performed in Australia, China, and Taiwan,
and built environments may affect people differently in these areas compared to the US
and UK. However, the other study included from China found an inverse U-shaped
relationship.16 Yin et al. used gradient boosted decision trees and included several
measures of the built environment in a single model, which could attenuate or potentially
flip the relationship. Further, this method incorporates higher level interactions that the
other methods do not, and produces a final predicted measure of adiposity, whereas the
other papers use an observed measure of adiposity. Murphy et al. used an interaction term
between fast food density and area of residence (established residential versus urbangrowth area), which only included suburban residences. Perhaps if the authors included a
larger range of development (urban and rural) a more complete picture of the nonlinear
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relationship would have been discovered. Both Park and Yin used a less granular measure
of walkability, which could introduce several biases.26 Park et al. was the only study to
include sarcopenia as an outcome measure. However, Bonnell et al. also included a
measure of physical health, but found differing results.19 More research is needed on
nonlinear relationships between walkability and measures of physical health outside
adiposity.
4.5.7 Other considerations
Most of the nonlinear studies identified in the initial literature search used walking
or some other form of physical activity as the outcome, as opposed to a measure of health.
Active transport via walking or some other form of transportation is the posited mechanis m
between the built environment and health (at least in urban areas). Many of these papers
identified nonlinear, U-shaped relationships between walkability and health. Although
outside the scope of this review, these articles should be explored further as they may help
explain the nonlinear relationships found between walkability and health.
Modelling nonlinear relationships using linear models could result in bias and
conflicting findings. For example (Figure 4 - 3), if a true nonlinear relationship exists (fit
by the red line using nonlinear methods) and linear model is used, then the relations hip
could be null (dotted line). The dotted line fit by the linear regression is clearly incorrect.
This hypothetical relationship should be fit with a nonlinear model or, at the very least, a
piecewise linear model (solid black lines). Ignoring the possibility of nonlinearity could
result in incorrect or misleading results with serious implications.
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Figure 4 - 3: Theory of nonlinear relationship between walkability and health

There are several limitations to report. First, the studies could not be compared
using meta-analyses or other formal techniques due to heterogeneity in study designs,
predictors, and outcomes. Second, these studies were not formally evaluated for quality,
generalizability, or other important characteristics. However, every article was subjected
to the peer-review process. The searches and review of the data were performed by one
author, and although a systematic approach was taken, the article selection process could
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be incomplete. Further, although the search terms were seemingly comprehensive, this
review may not have identified articles that tested for nonlinear relationships but only
found linear relationships or no relationship at all.
The built environment and health literature has been around for nearly 30 years, yet
only recently have nonlinear methods been incorporated into the studies. Why did it take
over 20 years to start using these methods? The increase in computing power and
development of new nonlinear methods has increased dramatically in the last 10 years.
Further, the availability and access of large datasets necessary to perform these analyses
are becoming more available at cheaper costs. The literature will likely see an influx of
nonlinear analyses in the future.
With the increase in nonlinear analysis in the walkability and health literature,
new relationships are starting to appear. These findings could provide important insights
into complex forces that could have impact on public policy regarding the implementa tio n
of local built environment initiatives. Future research on walkability and health should test
whether linear or nonlinear methods are a better fit.
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